Background: Cerebellar damage can often result in disabilities affecting the peripheral regions of the body. These include poor and inaccurate coordination, tremors and irregular movements that often manifest as disorders associated with balance, gait and speech. The severity assessment of Cerebellar ataxia (CA) is determined by expert opinion and is likely to be subjective in nature. This paper investigates automated versions of three commonly used tests: Finger to Nose test (FNT), test for upper limb Dysdiadochokinesia Test (DDK) and Heel to Shin Test (HST), in evaluating disability due to CA. Methods: Limb movements associated with these tests are measured using Inertial Measurement Units (IMU) to capture the disability. Kinematic parameters such as acceleration, velocity and angle are considered in both time and frequency domain in three orthogonal axes to obtain relevant disability related information. The collective dominance in the data distributions of the underlying features were observed though the Principal Component Analysis (PCA). The dominant features were combined to substantiate the correlation with the expert clinical assessments through Linear Discriminant Analysis. Here, the Pearson correlation is used to examine the relationship between the objective assessments and the expert clinical scores while the performance was also verified by means of cross validation.
Background
The cerebellum integrates afferent inputs from the vestibular system, the ocular system and the proprioceptive system to control movements of the trunk, limbs, eyes, head and those producing speech. Dysfunction of the cerebellum, known as ataxia, is recognized by its characteristic disturbance of movement. Clinicians subjectively grade the patient's performance of specify motor tasks to assess cerebellar defects in axial, speech or appendicular movements. In this study we focus on the assessment of appendicular function for which commonly used motor tasks include the Fingerto-Nose Test (FNT), test for upper limb Dysdiadochokinesia (DDK) and Heel-Shin Test (HST). These tasks are based on the seminal observations of Gordon Holmes and others, beginning over 100 years ago. They have in common:
• Movements that require action across limb joints • Repetition and rhythm in a manner that requires some accuracy in stopping and starting • Postural stability as a platform to execute these movements Clinicians assess the performance by focusing on the accuracy and rhythmicity of the movements. Accuracy of movements is assessed by the extent to which there is undershoot or overshoot of the trajectory and target [1] [2] [3] . The term Dysmetria [4, 5] is often used to describe this form of increased inaccuracy and implies a disturbance of displacement [6] . While the impairment is attributed to an inability to judge distance or scale, increased and variable execution time is often taken as a measure of the impairment instead [7] [8] [9] , suggesting that velocity and acceleration are also disturbed. These assessments are made on movements such as the FNT (for the upper limb) and the HST (for the lower limb). These movements consist of repetitive movements between two targets: the patients move the finger between their nose and the examiner's finger in the former and their heel between the ankle and the knee of the other leg in the latter [10] . Because of the larger inertial mass, postural stability (difficulty in maintaining the heel on the knee of the other leg) is assessed as well as the accuracy of maintaining it on the shin while sliding the heel from the ankle to knee of the other leg [11] . Rhythmicity is tested by asking the patient to perform a series of the same movement repetitively. A common example, used in this study, is to ask the subject to tap the back of one hand with the fingers of the other hand and then rapidly turn the tapping hand over and tap with the back of the fingers. This alternating tapping is maintained for several iterations with the focus on the rhythm accuracy and stability of the tap. Any repetitive movement can serve this purpose and, for example, repeating syllables (such as "ta") can serve this purpose and impaired performance is often described as Dysdiadochokinesia [12] : or "abnormal succeeding movement" in Greek. More generally, the focus in assessment is on the accuracy of stopping one cycle and starting the next (detected as variability in rhythm of the movement), the variability in striking the recipient hand (more variability is abnormal) and the speed of performance (slowness increases with cerebellar dysfunction). At the bedside, clinicians use pattern recognition rather than any objective measurement and as described above, it is unclear whether the kinematic parameter should be displacement, velocity, acceleration or some other measurement of accuracy and timing. The bedside assessment of patterns is formalized by clinical scales, eg Scale for the Assessment and Rating of Ataxia (SARA), which are explicit about how the test should be performed and how abnormalities should be scored but this serves to reinforce pattern recognition.
The complexity of disability manifestations in human movement necessitate the engagement of accurate measurements and robust feature extraction techniques. The inertial measurements constitute angular velocity and linear acceleration in orthogonal directions with respect to a sensor based frame of reference. Earlier studies [13] show the use and the effectiveness of accelerometer data processing in the evaluation of cerebellar dysfunction. Multiple sensors can be cumbersome and limit the usability and uptake as a performance assessment tool for the tests [14] . Complex and expensive rehabilitation tools typically requiring relatively large infrastructures and technical expertise for operation have been used for measuring patient abnormalities−particularly in clinical settings. Use of single or multiple inertial sensors (IMU) for feature extraction is inherently more user friendly and likely to be adapted for assessment in non-clinical settings [15] . This indeed can potentially be included in remote rehabilitation programs as well as providing personalized health care with regular assessments while patients are in their natural environments. The techniques highlighted in these studies have limited success due to less effective feature selection employed in data classification [11] . Clinicians use peripheral tests for identifying cerebellar ataxia and performs FNT for identifying tremor and imbalance in coordination, and test for upper limb DDK and HST for identifying movement irregularities. These clinical observations are inherently subjective and generally require verification by means of other clinical assessments. Severity assessment and quantification of the disability is necessary for progressive treatment plans leading to recovery and disability management [16] . This work uses feature extraction techniques to identify features within the kinematic information gained from kinematic measures, that predict the presence and severity of ataxia as judged by the clinician. Clinician experienced in rating ataxia provided scores of the severity of ataxia as assessed by the performance of the test and also of the overall ataxia (all body parts).The BioKin TM is 3 axes Inertial Measurement Units (IMU) with Wi-Fi communication for real time data capture and transmission. The sensory information captured from the tests is analyzed to uncover certain features intrinsically linked to the underlying disability as well as information describing the extent of the disability. The BioKin TM sensors were attached securely to the relevant body part during the performance of the three tests. Linear acceleration and angular velocity were the kinematic measures captured from the sensor. The low pass filtered sensor kinematic information was subjected to frequency domain analysis using Fast Fourier Transforms (FFT). Data alignments observed through Principal Component Analysis (PCA) were initially used to reduce the dimensionality of the feature space and subsequently to enforce a balance between the clustering of the two dominant cohorts (patients and controls) and enhance the correlations with expert clinical scores through the Linear Discriminant Analysis (LDA) (Fig. 1) . Further, machine learning approaches were used to enhance the classification.
Methods

Participants
There were 70 participants consisting of 31 people without ataxia (controls: 13 males and 18 females) aged 50 ± 25 years and, 39 people with ataxia of varying severity aged 60 ± 20 years. All subjects performed all three tests, and the movement data wais recorded using IMU sensors 
Experimental Task
Linear acceleration and angular velocity were captured using a BioKin TM [17] wearable module that included a built-in MPU9250 IMU sensor and a IEEE802.11b/g/n/ wireless communication interface running on a 32-bit ARM processor while the FNT, upper limb test for DDK and HST were performed as given in Fig. 2 .
A. Finger to Nose Test: The subjects were instructed to touch the clinician's index finger positioned in front of the patient. The subject was instructed to use their index finger to first touch the clinician's finger and then their own nose and repeat this task for approximately 15 s (as depicted in Fig. 3a [18] . The test is performed for left and right limb consecutively. The clinician holds their finger at a stationary position during the task. The BioKin TM unit is attached to the subject's dorsal surface of the hand. Test for upper limb Dysdiadochokinesia: The subject is instructed to place the dorsum of one hand on the palm of the other hand, as depicted in Fig. 3b . The subject is then instructed to pronate their hand, so that palm side faces downwards to rest on the palm of the other hand. The subject is also instructed to pronate and supinate between these two positions with maximum speed, and the rate of alternation is extracted from the BioKin TM 's IMU attached to the wrist [12] .
B. Heel to Shin Test: With the subject in sitting position, they are instructed to place the heel of one foot onto the knee of the other leg (as indicated in Fig. 3c ) and then slide the heel down the shin from the knee to the ankle and back up to the knee. This was repeated 10 times. The test is then transferred to the other leg. The clinician scores according to the accuracy and smoothness with which the heel maintains contact with the shin while performing the test. This motion is captured by the BioKin TM tied around the ankle.
The clinical features of patients observed in this study, in comparison to three other studies [19] is given in Table 1 .
Data Analysis
In cerebellar ataxia, translation and rotation can differ from controls in all three axis so each direction was analyzed separately. The gyroscope and accelerometer signals were sampled at 50Hz by the BioKin TM sensor and we applied a further low pass filter with a cut-off frequency of 10 Hz to the BioKin TM sensor output. A 6th order bandpass Butterworth Filter with a frequency band between 2Hz and 5Hz [20] gave better feature separation on inspection of the frequency bands 1-10Hz. This inspection selects the frequency band that gives maximum information. With sensor bias removed, a 6th order bandpass Butterworth filter with frequency band between 5 Hz and 25 Hz is used for filtering noise frequencies to reduce the sensor drift.
The instantaneous sensor orientation (angle) of the wrist was calculated from the gyroscope measure [21] . The three main kinematic measures deduced were linear velocity from the accelerometer and, angular acceleration and angle of the body part from the gyroscope. Since the movements were designed to be alternating so as to capture a core feature of ataxia, measurement of their frequency was important. These specific kinematic features are extracted from the IMU measurements represents the disability effectively. Magnitude of acceleration exhibits different behaviours at different positions [22] . The mean, variance, root-mean square (RMS), and spectral energy coefficients of the signal magnitudes were parameters that formed part of the preliminary investigation as given in Table 2 .
The filtered sensor readings were also analysed in the frequency domain using Fast Fourier Transforms (FFT). The resonant frequency (RF) and the magnitude of the frequency at resonance (MR) were captured as features from the peaks of the respective FFT waveform. Since there are 5 measures, the FFT analysis generated 60 features for the X, Y, Z considering both left and right limbs axes for each test and the task was to extract the features movement deficit for each test. Using hypothesis testing for p-values p< 0.05, the kinematic features of significance were selected. Correlation was considered reasonable for coefficient values ≥|0.5|. Accordingly, the dominant axes and the associated characteristic features were identified. Feature extraction techniques such as entropy and Dynamic Time Warping (DTW) were also engaged when evaluating the techniques outlined in this paper.
The features considered for each test were combined in conjunction with dimensionality reduction through the Principal Component Analysis (PCA), initially via the visual observation of data distributions along the principal axes components [23] . PCA technique essentially transforms the data into a new coordinate system by linear orthogonal transformation and projects the data as per the variance of distributions where the Diagonal covariance matrix maximizes feature variance. The principal components with maximum feature contribution were selected for further analysis. The PCA based feature selection conducted here was for the purpose of classification. Silhouette coefficient is used as a quantifiable measure of separation. It can be used to validate the data consistency within clusters. The average values show how well the groups are clustered in a tight space.
A detailed severity assessment of patients based on the extent of ataxia can intrinsically be linked to classification. A supervised classification technique using a multiclass Linear Discriminant Analysis (LDA) classifier was employed to evaluate the dominant data distribution derived using PCA to model the clinical scores of the severity of ataxia. The LDA data classification technique transformed the given data matrix into a lower dimension [24] . The data set comprising n-dimensional samples projected in a feature space was reduced onto a smaller subspace k for k<(n-1). The PCA generated feature space was used as input to LDA for the supervised learning approach. The LDA classifier discriminates the PCA features and categorized the subject data into three different classes-controls (severity score of "0"), patients with severity score of "1" with mild ataxia and patients with severity score of "2" with a significant level of ataxia, as a preliminary exercise to investigate the feasibility of uncovering clinically observed disability related information from intertial measurements. The classification of patients into the two severity classes was based on the assessments of three independent clinicians. In case of any discrepancies among clinicians, a majority decision was used, although no such instances were present for this patient cohort. There were 20 patients with score "1" and 19 patients with score "2". The clinical validity of these scores was supported by the Scale for the Assessment and Rating of Ataxia (SARA) scores [25] . The classifier performance was assessed through the k-fold cross-validation technique. The underlying approach compared and evaluated algorithms while checking for over-fitting and potential misclassification issues. The linear discriminant model was developed using a dataset trained at k =10. The training data set was used to predict the testing data set labels. The accuracy, sensitivity and specificity of the discriminant model used for cross-validation was chosen as the performance evaluation criterion. These parameters represent the proportion of control subjects (specificity) and patients (sensitivity) that are correctly classified into the respective group. Table 2 shows the temporal distribution of the inertial measurements by means of commonly used statistical parameters. These parameters suggest that rotational (gyroscope) kinematics are dominant for differentiating the two cohorts for the case of FNT. Spectral Energy is the common parameter in all 3 tests and demonstrate some differentiation between different cohorts-patient and control subjects consistently. The feature essentially corresponds to the energy content of the respective frequency bands in each test. Table 3 depicts the primary frequency domain features associated with the time series data for each test. The resonant frequency (RF), the magnitude of the resonant frequency (MR) and the kinematic parameters, for both left and right hand as well as for separate axes (X, Y and Z). The kinematic parameters include velocity (V) and acceleration (A) for the linear case, and angle (An), angular velocity (Av) and angular acceleration (Aa) for the rotational case. Together this amounted to a primary investigation of 60 features for each test. Using the hypothesis testing (p<0.05) denoted in Table 3 , the features of significance indicated in Table 4 were identified for each test and for the purpose of clarity the following notational abbreviation for the features are adhered to: Frequency Feature (RForMR) ( 
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Correlation:
The features with maximum correlation values given in Table 3 are plotted for each test to observe the reasonable seperation as depicted in Fig. 4 . 
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(FNT(L,R)) are plotted in Fig. 4a for the FNT, with RF Fig. 4b and RF Fig. 4c for DDK and HST respectively.
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Separation: The selected features in Table 4 were considered in terms of their ability to separate the two cohorts. Table 5 depicts the separation of the cohorts quantified in terms of Silhouette's coefficient subjected to Principal Component Analysis (PCA). The RF
FNT(L,R) features in FNT combined generated the best separation as shown in Fig. 5a . Similarly,combining RF
DDK(L,R) and MR (Z,A)
DDK(L,R) of acceleration data(X and Z axes) from the IMU in DDK generated good separation although the best separation is obtained when using the features RF
DDK(L,R) and MR
(Z,A n ) DDK(L,R) as shown in Fig. 5b. The MR (Y ,A)
HST(L,R) and MR (Z,A)
HST(L,R) features combined gives separation in HST as depicted in Fig. 5c . The first 3 principal components PC1, PC2 and PC3 gave most of the information; 86%, 93% and 96% in 3 tests respectively. Separation is achieved in all tests using angle as the kinematic parameter, i.e, RF
gives separation in HST while RF
was the best feature for DDK.
The Silhouette's values (Sv) of the measures used in each test are given in Table 5 in accordance with the feature separation visualized using PCA.
DTW: Dynamic Time Warping The (*) marked values show the dominant separation, and the light highlighted values shows less prominent separation. Non-highlighted values represent weak or no separation.
Classification: All the selected features were considered for Linear Discriminant Analysis (LDA) for the purpose of classification into three different severity conditions. PCA combined features were used as an input for the classifier in each test as explained below:
Finger to Nose Test: The angular acceleration features RF
(FNT(L,R)) from the gyroscope using LDA as indicated in Fig. 6b gave the best classification of FNT. These features from both left and right limbs were combined using PCA to form the feature input to LDA. This classification provided the highest correlation with the clinical score (as given in Table 7: i.e., 0.7782). In Fig. 6a , linear acceleration as a feature generated only a marginal discrimination, when the resonant frequency and magnitude of X, Y and Z are combined as input features. The angular velocity, RF
DDK(L,R) as features gave noticeable classification as shown in Fig. 6d . This figure also infers that the angular velocity feature can primarily discriminate the groups with high severity patients ("2") and no disability ("0'). In contrast the velocity feature (Fig. 6c) did not demonstrate acceptable correlation with the clinical score. RF
and MR
(FNT(L,R)) when using principal components as input to LDA in Fig. 6e resulted in noticeable classification relevant to severity.
Test for upper limb Dysdiadochokinesia:
DDK(L,R) and MR (Z,A)
DDK(L,R) features of the accelerometer resulted in superior discrimination and correlation with the clinician's score as in Fig. 6f due to variations relevant to disability manifested in linear acceleration with regards to rate of rotation of the palm. These features indeed contribute to the maximum correlation value given in Table 7 for the test. The linear velocity features generated marginal discrimination in Table 7 . The resonant frequency and magnitude of angular acceleration poorly discriminated the two cohorts in all axes (only Y, and Z is shown in Fig. 6l ) while the magnitude of resonant frequency of velocity demonstrated reasonable separation (Fig. 6m) . Further, angular velocity as a feature also failed to generate any visible separation as given in Fig. 6n . The RF ,R) ) features captured the disability (separation of the two cohorts) while the severity manifestation was weak as indicated in Fig. 6o . Indeed, the acceleration feature generated the highest discrimination for the case of HST.
Statistical parameters of the LDA outcomes (Fig. 6 ) are given in Table 6 . The correlation of the LDA results with the clinical scores using Pearson correlation values are given in Table 7 . The FNT and DDK (the two upper limb tests) were also combined using PCA resulting in a separation (Silhouette) value of 0.754 (Table 5 ) and classified using LDA resulting in an enhanced agreement with standard upper limb test correlation with an improved coefficient of 0.8253 (Table 7) . The PCA separation and consequent LDA performance is shown in Fig. 7a and b Fig. 5 Best separation using PCA analysis of kinematic parameters. Figures 5a, b, c depicts the best PCA separation on feature combination for the FNT, DDK, HST respectively Fig. 6 Boxplot representing the feature separation with doctors score using Linear Discriminant Analysis Classifier. The 3 different classes of the classifier include controls, patients with low severity and patients with high severity of ataxia. The panel labels indicate the axes showing best performance of the classifier for the five kinematic parameters in this study. In FNT (Fig. 6b) , angular acceleration features along Y-axis gave superior classification compared to the other parameters. In DDK, X and Z-axis features of acceleration (Fig. 6f) and Y-axis features of angle (Fig. 6j) shows highest discrimination. In HST, acceleration features of Y,Z axis (Fig. 6k ) discriminated the cohort of patients and healthy subjects compared to the other parameters. These best outcomes from the LDA analysis is highlighted separately for acceleration and rotation respectively. Similarly, correlation of HST with lower limb tests scores gave a value of 0.7812 -no significant change from the correlation with the test specific score (0.7821 in Table 5 ) to the values given in Table 7 . The clinician's score is compared with standard SARA scores for each test with the use of Pearson correlation as given in Table 8 . The outcome of the LDA classifier was cross validated to evaluate the classification performance. The Area under the Curve (AUC) values obtained from the Region Of Convergence (ROC) curve 0.7983, 0.9132 and 0.8852 for FNT, DDK and HST respectively are depicted in Fig. 8 . True Positive Rate (number of patients accurately classified), False Positive rate accuracy (number of healthy subjects identified as patients) are stated in Table 9 . These cross-validation parameters from Table 9 are presented in the form of accuracy, sensitivity and specificity in Fig. 9 . The accuracy (max value = 1) values calculated from cross validation errors are, 0.9175, 0.9350 and 0.8955 for FNT, DDK and HST respectively. Specificity is given as 1-FPR, is above 80% for each of the tests. The selected features in terms of contribution for correlation is given in Table 10 .
Discussion
The feature selection using hypothesis testing (p-value) and the feature correlation using patient/control scores in Table 3 identified the kinematic parameters that best differentiated ataxia patients for each of the tests. Hence the characteristic features contributing to the disorder were obtained as a consequence of an exhausitive feature extraction process involving 60 features. From Figs. 4, 5, 6 and Tables 5 and 6 , the rotational motion provided better separation and correlation with FNT clinical scores. Similarly, for the case of DDK and HST acceleration-features distinguished control and patient data and correlated with clinical scores. From  Fig. 4a, b and Table 3 resonant frequency as a (dominant) feature resulted in separation for the upper limb tests (FNT and DDK). The magnitude of the resonant frequency discriminated patients and controls in the lower limb test (HST) as indicated in Table 3 , and Fig. 4c .
The rotational movement (via gyroscope) captures the disability resulting in greater separation for the case of FNT as shown in Tables 4 and 5 . Patients repeated the tasks at a lower frequency than controls and this was evident from the frequency domain analysis as depicted in Fig. 4a . Angular acceleration along the Y-axis of the gyroscope (Fig. 6b ) discriminated the two cohorts effectively. This can be associated with the uncoordinated movement of the arm while trying to reach the target. The rotation around Y-axis was during the repeated motion of the index finger from the nose to the target and then back to the nose. Thus, in FNT, gyroscope measure becomes the dominant criterion for discriminating the subject data based on severity.
In DDK test, the difference in the rotational angle between the two cohorts is captured through the resonant frequency and magnitude of angle variation. The range of the angle in the internal (pronation) and external rotation (supination) of the wrist differs for the two cohorts [26] resulting in movement bias intrinsic to the ataxia (Table 6 ). The rapidly alternating movements of one palm over the other resulted in movement abnormalities among the subjects along the Z-axis of the accelerometer as shown in Fig. 4b . Also, the patients executed the test at a relatively slower pace than the controls. This infers that the test for upper limb DDK differentiates ataxia patients based on the frequency of operation, linked to the difficulty in performing the alternating action as well as the range of rotation is offset to the controls in the angle variation [27] . The LDA results (Fig. 6f ) obtained for the DDK test also establishes the inability of the patients to perform rapid alternating movements manifesting as linear acceleration in X, Z-axis. The patients are identified to have lower value of angular velocity along Y-axis and this represents their difficulty in rotating the palm while performing the test.
In Heel-to-Shin test, since the test mainly involves performing linear motion along a straight line in an alternating manner (up and down), the accelerometer components typically distinguished the subject data as shown in Fig. 4c . The acceleration features in Table 5 generated separation between control and patient cohorts. This can be related to the variation in the sliding motion of the heel while maintaining the contact with the shin. Also, the patient cohort performed the test at a lower magnitude of resonant frequency compared to the control cohorts. From Fig. 6k , acceleration features along X and Z axis produced the best separation and correlation with clinical score (Table 7) and the difference in direction of ataxia manifestation can be associated to the uneven motion of the leg along shin. Rotation along the Y-axis of the gyroscope is observed in all the three tests and separated controls and patients (not based on severity) by using resonant frequency and magnitude of the angle.
From Table 5 , the Silhouette values suggest that the analysis employed in this paper generated better separation compared to the other existing techniques Sv = 0.793 (highest value). From Table 2 , the preliminary analysis showed frequency domain analysis (spectral energy) gives dominant data separation and equivalent results are found from Tables 5 and 6 . This implies that frequency domain analysis gave better results compared to the other feature extraction techniques.
From Tables 5, 6 and Fig. 7 , the combination of the upper limb tests (FNT and DDK) improved the correlation with the clinician's score. The separation value is Sv= 0.754 which falls under high separation coefficient and correlation of 0.8219 which is greater than individual correlation values for the tests. HST also correlated with the lower limb test scores value of 0.7812 comparable to the correlation with the HST test scores. The data correlates with both the clinical and SARA scores equally, as denoted in Table 8 .
From Fig. 9 , the performance parameters from crossvalidation demonstrated a higher degree of classification into severity scores indicating a significantly higher correlation substantiated by the higher AUC and accuracy values. Hence, this analysis adopted using PCA and LDA supervised classification provided acceptable level of performance. DDK test and HST are observed to have superior values of classification performance parameters in comparison to that of FNT as depicted in Table 9 and Fig. 8 . The results acquired in Table 9 have a higher degree of specificity which confirms greater success rate in using the model during cross-validation. The error rates of classification are found to be very low providing successful classification. Support Vector Machine is another supervised machine learning technique used for the analysis but since the number of subject 
Conclusion
An automated peripheral test for the objective assessment of Cerebellar Ataxia is investigated using an IMU based motion capture system during standard peripheral bedside tests. The acceleration (linear/rotational) from the BioKin TM was identified as the most prominent feature capturing the disability. In the case of FNT, the most convincing separation between patients and controls resulted by the combination of gyroscope features. In particular, angular acceleration is the dominant feature obtained with the best correlation with the clinical score. In contrast, for the DDK and HST tests, linear acceleration features resulted in the best separation and correlation with the clinical scores. It is notable that for the upper limb FNT, predominantly translational movement, the rotation captures disability and for the DDK test with predominantly rotational movements, the linear acceleration captures the disability although this cannot be extended to the lower limb HST. Contrastingly, HST does not consist of considerable limb rotation. The evaluation of the three tests suggests that cerebellar ataxia is not manifested in the direction of the dominant limb motion during the course of the tests as shown in Table 11 . The characteristic features that clinicians do not observe in normal bedside testing include features such as angle and the movements generated as artefacts from the primary motion of the test. Rotational movement around the Y-axis (pronation and supination) in the form of angle variation is dominant for all tests separating controls and patients. The FNT is considered a goal-oriented test while In the alternative movement tests (DDK and HST), linear acceleration is observed as the dominant feature while for the goal-oriented test, rotational acceleration is observed as dominant. It is also notable that the goal oriented FNT is executed with the participation of one limb while for the alternating movements tests, both limbs participate for the test, although only one limb is primarily engaged in the execution of the test.
Frequency domain features generated better separation (Sv = 0.793) and correlation (c = 0.8219) for the tests compared to features in the time domain (DTW c = 0.6711, Sv = 0.562) and the entropy domain (c = 0.5668, Sv = 0.533). The validity of the clinical scores are further coincidentally supported, as the "1" and "2" SARA scores directly correlate with the clinician's score of "1". In the same respect, the SARA scores of "3" and "4" correspond to the clinician's score of "2" for this patient cohort.
The combination of FNT and DDK gave better correlation with the clinical scores than independently. Therefore, the combination provided better correlation of the upper limb score. The HST correlated with clinical test scores (c = 0.7829) as well as lower limb scores (c = 0.7812). The combination of all three tests do not provide a full picture of ataxia (correlating with a global/generic score) as other domains are not covered under these peripheral tests. 
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